Recent developments in compact, lightweight hyperspectral imagers have enabled UAV-based remote sensing with reasonable costs. We used small hyperspectral imager based on Fabry-Perot interferometer for monitoring small freshwater area in southern Finland. In this study we shortly describe the utilized technology and the field studies performed. We explain processing pipeline for gathered spectral data and introduce target detectionbased algorithm for estimating levels of algae, aquatic chlorophyll and turbidity in freshwater. Certain challenges we faced are pointed out.
INTRODUCTION
Compact, lightweight hyperspectral imagers have been developed in the recent years, so that they can be utilized also with small sized unmanned aerial vehicles (UAV). Manufacturers such as Cubert, Rikola and Headwall Photonics have been introducing their solutions for spectral imaging from UAV's. Small, light spectral imagers are opening up opportunities to use spectral imaging in new applications. In more traditional spectral imaging applications these small imagers combined with UAV platforms can produce data in circumstances where traditional imagers aren't useful (for example cloudy weather). This combination also provides us with data, which usually has much smaller ground pixels in comparison to traditional spectral remote sensing platforms.
We have been developing and field testing Fabry-Perot interferometer (FPI) based hyperspectral imaging, which Rikola has adopted as a product. In this study we utilized FPI based hyperspectral imaging for monitoring small freshwater area in southern Finland. FPI imager was mounted on a small UAV and several flights were conducted. Our aim was to demonstrate data processing and analysis pipeline for FPI camera. We faced several challenges, which are shortly discussed in this paper. In section 2 we describe imaging system, test measurements, data processing and analysis for FPI based hyperspectral data. In section 3 and 4 we present some analysis results and mainly discuss problems and challenges that arose during the study.
METHODS

Hyperspectral imager
In our study we have been using Fabry-Perot interferometer based hyperspectral imager such as descriped in.
1
Used FPI imager is prototype of Rikola's FPI imager. Imager has been used in several studies for example concerning precision agriculture.
2-4
The basic principle of this sensor is based on multiple orders of the Fabry-Perot Interferometer (FPI) that are used matched to the different sensitivities of the image sensor channels. When FPI's air gap range is selected correctly, there will be one to three spectral transmissivity peaks, which are recorded with a normal RGB color image sensor. Detector utilized in this study is a CMV4000 4.2 Megapixel CMOS image sensor from CMOSIS.
After capturing image, the spectral information can be retrieved from the Bayer color filter pattern of RGB sensor.
The FPI spectral imager can operate in wavelength range 400 -950 nm. Although whole spectral area cannot be utilized at once. With long and short pass filters it is possible to select spectral range from 400 to 500 nm, which was used in this study. FPI-based imager is relatively lightweight at only about 600g. In airborne missions data is gathered to a 32 gigabyte compact flash memory card. It is possible to attach irradiance sensor and separate GPS receiver to the instrument. The image resolution in the typical configuration is 1024 x 648 pixels. One major characteristics in use of FPI imager is that different spectral planes of the hyperspectral data cube are collected with small time delays in between. This affects data so that, if FPI camera is in motion, the spectral planes are not perfectly overlapping. Process to align layers is explained in several papers. 4, 5 Technical details of FPI imager is presented in Table 1 
Test area and UAV flight campaign
The area of interest is a shallow lake Petäjärvi, approximately of size of 1 km 2 , located in the area of the wellknown photogrammetric test field Sjökulla in Southern Finland (60 14' 31" N, 24 23' 03" E). The lake consists of two basins having different characteristics (Figure 1 ).
Several UAV flights were carried out under partially cloudy weather conditions in August 16, 2012. Flights were carried out separately in these two basins due to legislative and technical reasons; two flights in the eastern basin and three flights in the western basin. The FPI camera was operated from a helicopter UAV having a maximum payload of 5 kg (Fig. 1 ). We used a flying altitude of 150 m, which is the maximum allowed altitude for UAV flights in free airspace in Finland. The resulting GSD was 15 cm and the image footprint was 154 m by 97 m. The spectral camera was operated with many different filter configurations: 400-500 nm, 500-900 nm and In this investigation we used data from the western basin of the lake collected using 400-500 nm filter configuration. Details of the spectral settings are given in Table 2 .
During the campaign, Luode Oy carried out reference water quality measurements with Xylem YSI EXO, which is multisensor system for water quality monitoring. Sensor gathered information about water temperature (average 20.2 C), specific conductance (75.4 µS/cm), Turbidity (20.4 NTU), chlorophyll a (30.5 µg/L) and distribution of Blue-Green Algae (14510 cells/ml). Reference information was collected with small boat and saved together with GPS information.
For the radiometric reference we had portable reflectance reference targets. We carried out insitu reflectance measurements using the Avantes hand held spectrometer. 
Data processing
The data processing approach for the FPI imagery has been developed by Mäkynen et al., 6 Honkavaara et al., 4 Hakala et al., 7 and Markelin et al. 8 The phases of the processing were as follows: 1. System corrections of the images using the laboratory calibration, spectral correction and dark signal correction. 2. Matching of layers to form spectral data cubes of individual images. 3. Determination of image orientations of reference layers using a self-calibrating bundle block adjustment. The approximate orientations were based on the GPS trajectory data from the UAV and the timing information of images. The VIsualSFM method was used to provide the image rotation information and to enhance the approximate orientations. 4. Determination of radiometric imaging model to compensate atmospheric and illumination influences, and view/illumination related nonuniformity, as well as reflectance transformation. 5. Calculation of spectrometric image mosaics.
In the previous studies the data were collected of vegetated and nonvegetated land surfaces. Some challenges appeared for the proposed method when using it for geometric and radiometric processing of water image data.
Orientation of images consisting exclusively of homogeneous water was challenging, because the orientation method used was based on image matching and in the water images there were not any details suitable for matching. For the same reason, the matching of separate layers of data cubes was not possible in these images. An example of the result of VisualSFM processing indicated that the automated matching of the images with some details such as shoreline or algae or other vegetation in water was successful. The graph in Figure 2 shows where the successful matchings were; there were also gaps in the GPS-trajectory.
We approached the problem so that the orientations of missing images were taken from the flight trajectory determined by photogrammetric block adjustment, utilizing the timing information of individual images. For the band matching we used affine transformation based on the estimated flight speed information. This approach provided slightly lower accuracy than the normal process, but the accuracy was considered to be sufficient for the application with an geolocation accuracy requirement of 10 m.
With the FPI camera, a large number of data cubes (hundreds or more) is mosaicked together in order to create a spectral mosaic over the area of interest. Many disturbances influence the digital numbers; these have to be compensated for in order to create reflectance values characterizing the object. In our campaigns, the most important correction factors were the radiometric calibration of the camera and the correction for view/illumination-direction effects (bidirectional reflectance distribution function; BRDF). Our approach was first to apply the laboratory calibration corrections to the images, and then, to calculate empirical radiometric BRDF correction. Finally, the radiometrically corrected DNs were transformed to reflectance by using the reflectance targets. The details of the method are described by Honkavaara et al.
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The radiometric quality of the spectral mosaics was quite poor if we did not perform any radiometric corrections (Fig. 3 a) . We tested the existing procedure 5 but it did not provide sufficient quality. Possible explanations for this were that the BRDF model used was not suitable for the data and that there were remaining inaccuracies in the sensor calibration. We estimated a calibration image using homogeneous water images to eliminate potential errors in the sensor calibration; this improved the quality, but not enough. We also used BRDF correction for the recalibrated images, which improved the results further (Fig. 3 c) . Finally, we estimated a flight line dependent calibration image ( Fig. 3 d) ; this approach appeared to provide the best results. In principle, this correction eliminates impacts of both of the error sources stated above. Some remaining errors are still visible in Fig. 3 d. One possible explanation could be that the yellow-blocking filter used in front of the optics that was not included in calibration caused some additional lens falloff effects that could not be eliminated with the available correction methods. Another possible explanation could be incompletely corrected BRDF effects, and the sun glint, which occurs in imagery when the water surface orientation is such that the sun is directly reflected towards the sensor.
Target detection system
Our assumption was that levels of turbidity, green-blue algae and chlorophyll could be estimated as a linear mixture of their and freshwater's reflectance spectra. Turbidity was thought to be correlating with spectrum of soil. These spectra were extracted from literature.
9, 10 In Figure 4 there are shown the chosen reflectance spectra for these substances. These spectra could thus be used as spectral endmembers. Endmembers are characteristic spectra for certain substances.
If y is detected spectra and x i represents endmembers, then linear mixture model is
where a i is relative abundance of each endmember in detected spectrum. Now we can calculate inversion to solve linear equation. Or we could calculate abundance of each selected spectra with target detection algorithm. Both methods would give us subpixel level information about distribution of different values.
Our inversion is based on fast non-negative least squares solution (FNNLS).
11 Target detection algorithm uses HFC method, 12 vertex component analysis, 13 spectral angle mapper (SAM) 14 and FNNLS. First HFC is used to calculate virtual dimension number. Based on this number of endmembers is estimated from data. Then VCA is used to extract that many endmembers. VCA projects data orthogonally to lower dimensional space using principal components analysis. In projected space data points can be covered by a convex hull. The vertices of this hull are potential endmembers of spectral dataset. VCA tries to find these vertices. The number of supposed endmembers affects this process greatly, because VCA continues from one projection and extremity vertex to next until it reaches required number of endmembers.
After that each extracted endmember is compared with set of target spectra. Comparison is done using spectral angle mapper. It measures spectral similarity by finding the angle (in radians) between endmember e = (e 1 , e 2 , . . . e L )
T and imaged spectrum s = (s 1 , s 2 , . . . s L ) T so that, where L is number of wavebands in spectra. If spectra are sufficiently similar then endmember is replaced with target. Otherwise target is added to group of endmembers. After detection of endmembers FNNLS is calculated and abundance of target in data is determined. Figure 5 illustrates outline of the target detection process. 
RESULTS
As Figures 2 shows, we managed to process separate hyperspectral cubes to one image mosaic. Also radiometric corrections were performed. Visual presentation of different analysis methods is presented in Figure 6 . First column of images shows results of target detection algorithm, second column presents results of linear inversion based on the library spectra and last column is spectral angle mapper calculations for the lake. As images show, abundance of targets/endmembers are almost non-existent in lake surface area proper. This has influence to correlation between target/endmember abundance and reference water quality measurements.
Correlation coefficients between these images and measured reference values varied between 0 and 0.25. None of the calculated features had good correlation between samples. There are several reasons why this may have happened. First, Petäjärvi is a small and quite dark lake surrounded by farms. This affects water quality so that turbidity is high. This means that signal achieved from water is low in intensity. It is possible that signal to noise ratio is also so low that little variations on signal disappear into the noise. Secondly, if we look at Figure 4 our target spectra have characteristic features starting from 500 nm. They are quite similar to each other between 400-500 nm. Thirdly, it may be that assumption of a linear mixture is incorrect or it isn't good enough approximation for these spectra. It is also possible that reflectance spectra gathered from library have been biased.
CONCLUSION AND DISCUSSION
We used a novel FPI spectral camera to provide spectral mosaics of a small inland lake Petäjärvi in Finland. The camera is tuneable based on separate spectral filters and a Fabry-Perot interferometer. Our investigation focused on developing suitable processing methods for the new kind of spectral data. We also tested the potential of narrow spectral bands for monitoring turbidity using 13 spectral bands in 400-500 nm region. The results indicated that the method was suitable for the water monitoring. We expect that improving the direct measurements of sensor orientation and irradiance information will make the processing more robust and automatic.
We present two different methods how to estimate level of algae, aquatic chlorophyll and turbidity in water. Although previous section shows, that we couldn't achieve good results compared to measured reference water quality values. We have also images covering wavelengths 500 -900 nm taken with different settings. Due to some schedule issues we didn't have time to as of yet process that data. Combining existing mosaic to non-processed data with wider spectral range, the results of analysis process could have been considerably better and extracted features might potentially have correlated better with reference water quality measurements.
Currently we have ongoing research project concerning water monitoring, in which we have been developing both preprocessing chain for FPI-based hyperspectral imager and analysis methods. We have had freshwater hyperspectral imaging campaigns from manned and unmanned aerial vehicles during the summer 2014. We hope that these observed problems have been avoided in these other campaigns.
It is important to understand that the entire data production chain impacts the radiometric data quality. We will take this into account in the future campaigns. The system calibration will be further emphasized, so that there will not be any uncalibrated phenomenon in the optical path. The BRDF and sun glint impacts can be efficiently eliminated by using larger side overlaps in the image blocks so that the mosaics can be formed using images with small view zenith angles. In some cases the flight paths can be directed so that the BRDF effects are minimized, by flying towards the sun. It is also essential to continue investigation of the empirical radiometric correction methods for small format UAV image blocks collected in challenging imaging conditions. 1.5708
1.5708
1.5708 Figure 6 . Results from target detection algorithm (1st column), FNNLS (2nd column) and SAM (3rd column). Each row represents different material algea (1st row), freshwater (2nd row), chlorophyll (3rd row) and soil/turbidity (4th row). Target detection algorithm and FNNLS produce relative abundance maps, where values vary from 0 to 1. This means that value 1 is perfect match. SAM represents angle in radians between target spectrum and detected spectrum. In case of SAM value 0 is perfect match.
